The specular bistatic scattering mechanism of Okra's crop was analyzed using dual polarized ground based bistatic scatterometer system at X, C, and L bands in the specular direction with the azimuthal angle(∅ = 0°). An outdoor Okra crop bed of area 10×10 m 2 was specially prepared for the estimation of leaf area index (LAI) at HH and VV polarizations over the angular range of incidence angle 20° to 60° at steps of 10°. The regression analysis was done between bistatic specular scattering coefficients and crop biophysical parameter at X, C, and L bands for HH and VV polarization at different angle of incidence to determine the optimum parameters of bistatic scatterometer system. The linear regression analysis showed the high correlation at 40° angle of incidence for all bands and polarizations for the Okra crop. The computed scattering coefficients and measured LAI of Okra crop for the seven growth stages at 40° angle of incidence were interpolated into 61 data sets. The data sets were divided into input, validation and testing for the training and testing of the developed random forest regression (RF) model for the estimation of LAI for Okra crop. The estimated values of LAI of Okra crop, by the developed RF regression model, were found more closer to the observed values at X band for VV polarization with coefficient of determination ( R 2 = 0.928) and low root mean square error (RMSE = 0.260 m 2 / m 2 ) in comparison to C and L bands.
Introduction
Monitoring growth and health of vegetation is one of the key applications in remote sensing for agricultural planning.
* Okra is available almost throughout the year and widely spread over tropical and temperate climate region of the world. At the proper ripe period, the fruits are excellent source of calcium, potassium, vitamins, proteins and total minerals which are often deficient in diet of developing country. It has plentiful other economic uses also, as a result there is a strong need for an effective monitoring programme of okra crop to provide information about its growth and growing conditions. A traditional importance has been recognized to relate biophysical parameter to bistatic scattering coefficient for an operational monitoring of vegetation by means of remote sensing. The best correlation between bistatic scattering coefficient and biophysical parameter for particular angle is used to develop a model for the estimation of biophysical parameter of vegetation. The produced model for the estimation may be useful for extracting biophysical parameter of crop/vegetation at different frequencies and polarization configuration of scatterometer system. Although bistatic radar system is typically more complex and difficult to implement than monostatic, the potential to provide degree of stress in acrop, improvement in monitoring vegetation growth and ability of target detection motivates persistent studies. Various theoretical and experimental researchers have mainly * Corresponding author concentrated on the backscattering of microwave in soil and vegetation (Le Toan et al., 1984; Brisco and Brown, 1998) . A number of authors illustrated the relationship of the backscattering coefficient with the Leaf Area Index, plant biomass, plant height, plant water content, and soil moisture content (Wooding et al., 1992; Daughtry et al., 1991; Dabrowska-Zielinskaet al., 1994; Prasad, 2011) . Microwave backscattering coefficient values depend on the incident angle, polarization of electromagnetic wave, soil moisture, plant dielectric and vegetation canopy structure hence the combination of microwave signatures at different frequencies and polarization useful for the estimation of soil moisture and vegetation health (Bouman and Uenk, 1992; Allen and Ulaby, 1984; Macelloni et al., 2001; Champion, 1996; Le Toan, 1982; Paloscia, 1998; Mo et al., 1984; Moran et al., 1998; Ulaby et al., 1986; Inoue et al.,2001; Attema and Ulaby, 1978) . Very few researchers have been started theoretical modeling and experimental measurements on bistatic scattering responses of vegetation/soil at different microwave bands. Further, this modelis simulated to find bistatic scattering responses for different incidence angle, azimuth angle, scattering angle, various frequency bands and vegetation parameters. For vegetation, a first-order microwave bistatic scattering model was developed for Wheat and Soybean by radiative transfer model at L band and C band based on the Michigan Microwave Canopy Scattering (MIMICS). The simulations of bistatic scattering responses by the developed MIMICS model reported that bistatic scattering response at C band was a good choice to retrieve the vegetation parameters, whereas, the response at L band was preferred to retrieve the soil parameters (Zhang and Wu,2016) . A radiative transfer model was developed for microwave bistatic scattering from forest canopies and the simulation results shows the bistatic scattering mechanisms and the potential application of bistatic measurements (Pan Liang, 2005) . McLaughlin et al., (2002) studied the full polarization bistatic scattering from forest hills at various incident angle were studied by (McLaughlin et al., 2002) . Gupta et al., (2015) estimated crop growth parameter of rice crop at X band by using soft computing technique. Soft computing techniques like Artificial Neural Network(ANN), Support Vector Machine(SVM), Random Forest (RF), Genetic Algorithm(GA), and Fuzzy Logic do not need complex mathematics and large number of input parameter and easy to estimate biophysical parameters. estimated biophysical parameters of ladyfinger crop by using fuzzy inference technique at X-band. This paper describes a set of ground based bistatic scattering measurement of Okra crop conducted in specular directions with angular range 20° to 60° at the step of 10°.The measurements were conducted using X, L and C bands. Bistatic scatterometer system composed dual polarized transmitter and receiver. Bistatic scatterometer measured scattered power from vegetation at pq-polarization, where, q and p corresponds to polarized incident plane wave and polarized scattered wave. Polarized incident or scattered wave can be horizontal (H) and vertical (V). The optimization technique namely random forest model was used for the estimation of LAI. The performance of the developed model was evaluated by the statistical parameter such as coefficient of determination (R²) and root mean square error (RMSE).
Methodology
Okra crop bed of an area 10m ×10m was specially prepared for the bistatic scattering measurements besides the department of Physics, IIT (BHU), Varanasi, India. Average leaf shape, height and age of okra crop were found ~15-25 cm broad, ~90-100 cm and ~90-95 days, respectively. Average leaf shape and height were measured by taking five different plants from outside the region of interest. The spacing between each okra plant was 20cm (row) and 20cm (column). The bistatic scattering and the crop growth variable (LAI) measurements were done for seven growth stages of okra crop from the date for sowing at the interval of 10 days. The measurements were started from 20th days after sowing. LAI is a dimensionless quantity that characterizes plant canopies and it is mathematically expressed as
Procedure and performance indices of the developed model
Systems used throughout the experiments is shown in Table  ( 1). The pair of moving pyramidal horn antenna were mounted on horizontal track. The ends of horizontal track is fixed on two stand of height 3m both situated at distance of 12m for bistatic scatterometer measurement at X, C and L bands. Pyramidal horn antenna is calibrated with sliding circular scale having capability of incident angular movement ranging from 0° to 90°. The bistatic scatterometer measurements were performed for incident angular range of 20° to 60° at the interval of 10° in specular direction. Each day of measurement require calibration of bistatic scattering response of vegetation with the bistatic scattering response of horizontal bed of aluminum to ensure system reliability. Hence, the horizontal bed of aluminum sheet is prepared beside the okra crop and experiments were performed with system having same specification.
Root Mean Square Error (RMSE)
The RMSE gives the measure of difference between the value predicted or estimated by model and the value observed and mathematically expressed as
Where, and are observed and estimated value respectively.
Correlation coefficient:
Linear regression analysis was done to measure a relationship between bistatic scattering coefficient and LAI for different angle of incidence, polarization at X, C and L bands which is presented in Table 2 .
Coefficient of determination:
The coefficient of determination is the square of the correlation coefficient between the estimated and observed values. 
Random Forest (RF) model
Random forest is deep machine learning technique to predict the samples data under non-parametric approach. Generally, if each φ is a decision tree, then the ensemble is a random forest technique. RF model uses the samples of the training data to develop the multiple nodes of trees. These nodes are the set of conditions, which are applied from the root to the leaves of the tree. The RFR model averages the results from individual trees and generally predicts the better results (Breiman et al.,1996) .Each tree was trained with an independent bootstrap sample selected randomly from the sample data. On average, two-third of the sample data were used for training the model and remaining one-third of data samples were not selected for growing the trees (Breiman et al.,2001 ). The samples not selected into a bootstrap sample are the out of the bag (OOB) samples. As these OOB points were used to validation of the model (Kumar etal., 2018) . The RF regression model generally requires some input parameters used to decide the accuracy of the model predicted data.The parameters are number of nodes, number of trees and the number of variables (Barrett et al., 2014) . RF model prediction can be expressed mathematically as
Where, the index h runs over the individual trees and φ is tree response of h th tree.
5.Results and Discussion
The linear regression analysis between experimentally calculated bistatic scattering response and crop growth variable (LAI) at all angle of incidence for HH polarization and VV polarization is shown in Table 2 . The analysis shows higher correlation between bistatic scattering coefficient and leaf area index for VV polarization in comparison to HH polarization at 40°angle of incidence excluding at L band as shown in Table 2 . The highest correlation was found for X band at VV polarization and hence used for estimation of crop growth variable using random forest regression model. Bistatic scattering coefficient of Okra crop at 40° angle of incidence for X band at VV polarization were interpolated in 61 data sets at the interval of 1 day (20-80 days after sowing) which was further divided into 40 and 21 data sets for training and testing of RF model, respectively.
The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLII-5, 2018 ISPRS TC V Mid-term Symposium "Geospatial Technology -Pixel to People", 20-23 November 2018, Dehradun, India Table 2 . Correlation coefficient between bistatic scattering coefficient and leaf area index (LAI). Figure 1 shows temporal variation of LAI measured at the interval of 10 days from the date of sowing. LAI was found to increase with the age of the okra crop till day 70 and then after LAI decreased slightly. Figures 3, 4 and 5 show the temporal variation of specular bistatic scattering response with respect to days after sowing of okra crop for X, C and L band at HH and VV polarization, respectively. Scatterer component of vegetation like crown (represented as branch and leafs), trunk (represented as stem) were small at early growth stage (Ulaby et al. 1990 ). Hence, attenuation caused by these components was low and the main contribution in specular bistatic scattering coefficient was mainly due to ground surface i.e. soil beneath vegetation. At maturity stage (20-70 days), the attenuation caused by increased crop growth variable caused to decrease in specular bistatic scattering coefficient. After the maturity stage (70-80 days), the crop growth variable started decreasing led to increase specular bistatic scattering coefficient slightly as shown in figures 3, 4 and 5. 
Retrieval of Okra crop Leaf Area Index using RF regression model
Determining optimal number of tree and regularizing stopping parameters were used to find accurate estimation of crop growth variable using RF regression model (Shataee et al. 2012) . Determining optimal number of tree is based on the tree number that produces stable error. 150 initial trees were used to produce graph between average squared error and number of trees for X-band at VV polarization and 40° angle of incidence as shown in Figure 2 . In addition, the stopping conditions include minimum 5 child node and maximum 100 child node to stop growing tree in 10 cycles to calculate mean error. The graph shows that improvement in accuracy was not found significant after 40 trees where as 60-80trees showed lowest error and stable response and hence good to estimate optimum parameter. Sub-sample proportion (i.e. 50 %) of training samples was used in bagging bootstrap sampling. Unused test sample was used to evaluate the validity of RF Figure 2 : Average square error against number of trees in training and testing data for LAI retrieval of Okra crop for X band at VV polarization. 
Conclusions
In the present study, X band was found highly sensitive to Okra crop since bistatic scattering response were higher for X band at HH polarization and VV polarizations. However, bistatic scattering coefficient at HH polarization was found more sensitive to VV polarization at X and C bands. However, the L band at VV polarization was found more The sensitivity of bistatic scattering coefficient to Okra crop growth variables was found higher for L band at VV polarization in comparison to HH polarization. The correlation coefficient was found maximum for X band at VV polarization and 40° angle of incidence. The performance indices and estimation of leaf area index by developed RF regression model was found good and close to observed values, respectively. Hence, we can use RF regression model as a powerful tool to estimate crop growth variables.
